Abstract Research on neighborhoods and health increasingly acknowledges the need to conceptualize, measure, and model spatial features of social and physical environments. When ignoring underlying spatial dynamics, we run the risk of biased statistical inference and misleading results. In this article, we propose an integrated multilevel spatial approach for Poisson models of discrete responses. In an empirical example of child mortality in 1880 Newark, New Jersey, we compare this multilevel spatial approach with the more typical aspatial multilevel approach. Results indicate that spatially defined egocentric neighborhoods, or distance-based measures, outperform administrative areal units, such as census units. In addition, although results do not vary by specific definitions of egocentric neighborhoods, they are sensitive to geographic scale and modeling strategy. Overall, our findings confirm that adopting a spatial multilevel approach enhances our ability to disentangle the effect of space from that of place, pointing to the need for more careful spatial thinking in population research on neighborhoods and health.
Introduction
Interest in the role of place and space in shaping people's health experiences and outcomes has grown steadily since the 1990s. Sociologists, demographers, and epidemiologists have conceptualized place as a source of area-level health access or exposure (Arcaya et al. 2012 ), such as neighborhood socioeconomic resources (Montgomery and Hewett 2005) , social capital (Sampson et al. 1999) , environmental hazard (Downey 2003) , food quality (Xu et al. 2013) , and health and family planning policy (Short et al. 2000; Xu and Short 2011) . This "place" perspective often lacks careful "spatial thinking" (Logan 2012 ) and ignores both the important role of spatial process in affecting health and the spatial pattern of individual-level risks. Methodologically speaking, the place approach typically employs multilevel regression models that take into account within-neighborhood correlations but fail to adjust for between-neighborhood correlations resulting from, for example, spatial diffusion or contagion. Because the place approach also often adopts administratively defined areal units as proxies for neighborhoods, it is subject to potentially serious measurement errors (Flowerdew et al. 2008; Guo and Bhat 2007) and the notorious modifiable areal unit problem (Openshaw 1984) .
In contrast, social geographers and spatial epidemiologists have highlighted the spatial pattern of health risks and inequalities (Chaix 2009; Elliott and Wartenberg 2004; Thornton and Olson 2011) . The "space" perspective emphasizes the roles of relative locations and geographic proximity in structuring contagious processes of diseases and health-related knowledge and behaviors. The space approach pays close attention to incorporating geographic information to improve measurements of health-related environmental exposures (Frank et al. 2004) . Taking advantage of new developments in spatial statistics, it allows researchers to infer spatial patterns of health. Nevertheless, a pure spatial approach runs the risk of ignoring place effects-that is, the social reality and health impacts of living in shared neighborhoods (Arcaya et al. 2012) . Unfortunately, researchers have rarely combined the strengths from these two approaches to investigate place and space effects on health (for exceptions, see Chaix et al. 2005a, b.) .
The aspatial nature of previous neighborhood research has derived in part from the lack of appropriate spatial data. With the increasing availability of micro-level spatial data, as well as the concurrent advancement of geographic information system (GIS) and spatial statistical techniques, researchers are better equipped to consider spatial dimensions in the investigation of space and place effects, making new lines of inquiry possible. Despite progress in addressing concepts such as scale, proximity, and neighborhood boundaries in the recent literature, inquiry is limited by lack of systematic knowledge about the relative strengths and weaknesses of an integrated multilevel spatial approach compared with a standard aspatial multilevel approach. It is further complicated by the challenges of implementing a multilevel spatial strategy in empirical research.
We propose and illustrate empirically an integrated approach to study neighborhood and spatial variations in individuals' health. This approach combines distance-based egocentric measures of health exposures with multilevel spatial regression models. We simultaneously model neighborhood effects and spatial dynamics that transcend neighborhood boundaries. We also extend the multilevel spatial model to Poisson models of discrete responses. We compare this multilevel spatial approach with a conventional aspatial multilevel approach based on administrative boundaries by presenting an empirical example. Drawing on high-resolution data geocoded to the home address for all residents living in 1880 Newark, New Jersey, we investigate the relationship between ethnic and class composition of neighborhoods and child mortality. Our systematic evaluation demonstrates the advantage of a spatially informed approach in conceptualization, measurement, and statistical modeling, showing how a spatially informed analysis adds insight to studies of neighborhood and health.
Neighborhood Representation and Measures
The Modifiable Areal Unit Problem (MAUP)
Because of easy access to data, studies of neighborhood effects on health have often relied heavily on administratively defined units, such as census geography, electoral districts, and postal codes, to measure neighborhood characteristics. Because administrative units are far from suitable approximations of real-life neighborhoods, this approach has been criticized for ignoring important spatial features of underlying neighborhood processes Reardon and O'Sullivan 2004) and hence failing to handle, among others, MAUP (Openshaw 1984) .
MAUP arises when researchers measure contextual characteristics by aggregating data from a small geographic scale to represent a unit of analysis at a larger scale. Analytic results are sensitive to the choice of data aggregation level because the place effects under investigation may occur and change on multiple scales. In a study of residential choice, Guo and Bhat (2007) detected different racial clusters when the level of data aggregation was shifted from census blocks to block groups and then to tracts. In contrast, consistent clusters were identified when using more spatially informed neighborhood representations that did not rely on census geographies. This difference may be partly attributed to the fact that multiple driving forces behind the same demographic phenomenon (such as residential segregation) operate at different scales, ranging from local to national and even global (Kaplan and Holloway 2001) . Spielman and Yoo (2009) simulated an artificial city populated by individuals who were exposed to person-specific contextual effects aggregated from neighbors living within a circular buffer area centered at each focal individual's location (i.e., egocentric neighborhoods). They found that when the measured scale of neighborhood environment did not match the true scale of spatial process, the estimates of neighborhood effects were not only biased but also less efficient.
Researchers often are aware of MAUP but are unable to address it because of the lack of appropriate data and techniques. For instance, when analyzing the relation between residential segregation and infant mortality, Hearst et al. (2008) were skeptical that city-level segregation aggregated from census tract-level data could accurately reflect individual experience and provide valid regression estimations. Lee et al. (2008) found that some metropolitan areas were more segregated at small geographic scales (e.g., within a 500m radius) than at larger scales (e.g., within a 4,000m radius), while others exhibit a reverse pattern. Accordingly, they advocated constructing scaledependent contextual measures and applying caution in matching the scale of underlying social process with that of measurement.
Neighborhood Boundary MAUP can be exaggerated when administratively defined areal boundaries do not coincide with those of everyday life experience. The provision of health resources may be restricted within the boundary of public health areal units (Boyle and Willms 1999) , but everyday social and physical interactions among residents and the resulting contextual effects on health outcomes are rarely confined within the census tracts or postal codes where they are geocoded (Fang et al. 1998; Jacquez and Greiling 2003) . Not knowing where the real-life neighborhood boundaries lie, researchers rely heavily on administrative boundaries, which may in turn hinder discoveries of underlying neighborhood effects. For example, only after aggregating multiple postal codes to a single more racially coherent unit did Fang et al. (1998) find that residential segregation accounted for about 70 % of the total variation in mortality risks in New York City. Fang et al.'s (1998) study also illustrated the so-called grid problem (Taeuber and Taeuber 1965) : that values of contextual measures can vary by how a study area is divided into subareas (e.g., postal codes or aggregation of multiple postal codes), especially when such measures are made aspatially without any adjustment for the geographic arrangements of the areal units. Whenever the boundaries of artificial subareas shift, contextual measures will produce different results.
Spatial Proximity
Spatial proximity is also inadequately measured when researchers rely on administrative units. Contextual measures based on administrative units implicitly assume fixed boundaries within which human interactions are contained, irrespective of actual social boundaries. Socioeconomic or demographic processes in one neighborhood are likely to spill into adjacent neighborhoods. Thus, spatial variations may exist as a function of the distance between two neighborhoods as stated in Tobler's First Law of Geography (1970:236) : "Everything is related to everything else, but near things are more related than distant things." Proximity-based spatial variation in neighborhood effects has been noted in several studies. For example, Sampson et al. (1999) found that not only did children gain from living in a neighborhood (operationalized as a cluster of census tracts) with a high level of collective efficacy, but they also benefited from living close to such a neighborhood. Using the same data, Morenoff (2003) found that proximity to a neighborhood with a high degree of social exchange and voluntarism was protective against low birth weight, net of the social environment in one's own neighborhood. Crowder and South (2008) found that racial conditions in areas surrounding a householder's neighborhood of residence (approximated by census tracts) had an independent impact on the likelihood of out-migration among whites.
Egocentric Neighborhood
For health outcomes, it is theoretically important to consider individuals' proximity to one another in local space (Chaix 2009; Frank et al. 2004) . Researchers have proposed the concept of egocentric neighborhood to measure contextual characteristics that are specific to individuals at different locations (Kramer et al. 2010; Matthews 2011; Reardon and O'Sullivan 2004) . Under this framework, an individual's exposure to the local environment reflects a proximity-weighted average composition of each surrounding point within a certain distance bandwidth centered at his or her residence. Local environment is particularly important for considering children's health (as in this study) because children have limited daily activity space around the home and hence are exposed to mortality risks on a small geographic scale (Sampson et al. 2002) .
One way to define egocentric neighborhoods is to draw concentric circular buffers around individuals' residences at a certain range or at several ranges. For every individual, the people residing within this buffer constitute his/her neighbors, and proximity is measured by the Euclidean distances between their locations. The coverage of an egocentric neighborhood can transcend administrative boundaries because it depends only on one's location and the bandwidth. The definition of egocentric neighborhood is also scalesensitive, which facilitates the examination of MAUP. Nevertheless, a limitation of this method is that it ignores street networks and landscape barriers.
Street Network
The structure of street networks affects where people interact with each other in daily life and hence develop their conceptions of the neighborhoods (Anderson 1992) . For instance, Rabin (1987) found that residential streets helped separate blacks and whites in American cities. Grannis (1998) demonstrated that pedestrian-oriented streets had greater influence than mere geographic proximity in connecting people and forming racially homogeneous communities, and this effect existed not only at the local level but also at the city and metropolitan levels.
A network-based egocentric neighborhood consists of street lines extending from the focal point to the points where the distance along the street network reaches the specified radius, and the people living along these street lines are counted as the focal person's neighbors. In this study, we compare results from models in which egocentric neighborhoods are based on circular buffers and those based on street networks defined at multiple-distance radii. Street networks may be particularly important for studying children's mortality risks because pedestrian-oriented streets can be closely tied to patterns of interaction that involve children and families.
Multilevel Spatial Modeling
Multilevel regression models have been widely used in studies of neighborhood and health. A standard multilevel model adjusts for within-group correlations among residents in the same neighborhood. Let y ij denote the outcome for an individual i in neighborhood j. Using an appropriate link function, a standard multilevel model links the outcome to linear predictors as follows: ð1Þ where 0 is the intercept, X ij is the product of individual-level predictors and the corresponding unknown parameters, and Z j is the product of neighborhood-level predictors and the associated parameters. Within-neighborhood correlation is captured by u j , which is usually assumed to be a normally distributed random intercept with a mean of 0 and variance u 2 .
This model ignores potential correlations that transcend neighborhood boundaries as a result of, for example, spatial proximity and diffusion among people living in adjacent neighborhoods. Consequently, estimates of standard errors for the coefficients of contextual variables may be biased downward, leading to overestimated statistical significance levels (Chaix et al. 2005a, b) . In addition, spatial variation in the outcome variables is obscured, despite its theoretical and substantive importance for understanding "spatial embeddedness" (Sampson et al. 1999) .
Some scholars have proposed a spatial error model that treats spatial correlation as a statistical nuisance that needs to be adjusted to achieve unbiased estimates of standard errors (Anselin 1988) . Others have applied a spatial lag model in which weighted characteristics of adjacent neighborhoods are added as autoregressive-like predictors (Morenoff 2003; Sampson et al. 1999) . Both the error and lag models are implicitly spatial in the sense that they rely on creating a lattice-like structure linking neighboring units, but they do not specify a distance-based parametric function. Therefore, these two types of models cannot directly assess the geographic scale at which variations in health outcomes operate unless different neighboring structures are specified and tested separately. The spatial error and lag models can also be considered "pure spatial" models in the sense that they account for spatial dependence but discard withinneighborhood correlations.
In this study, we adopt an integrated multilevel spatial modeling approach that has a spatial dependence structure in addition to the more typical within-neighborhood correlation. This model takes the form of a linear combination of a nonspatially structured withinneighborhood correlation and a spatially structured between-neighborhood correlation. The generic form of this multilevel spatial model can be expressed as follows,
where s j denotes a random-effects term that captures spatial correlations in an implicit or explicit way, and everything else is the same as in Eq. (1).
Our approach builds on that of Arcaya et al. (2012) , who imposed a lattice-like neighboring structure and combined a conditional autoregressive (CAR) model with a standard multilevel model to simultaneously capture place and spatial variations in county-level life expectancy where states are a higher level of hierarchy. We extend this approach by modeling spatial correlation as a parametric distance-decay function to avoid results that are sensitive to the choice of lattice-like neighboring structure (Browne and Goldstein 2010; Diggle et al. 1998) .
To our knowledge, we are among the first to extend the application of the generalized linear multilevel spatial models for discrete responses by using Poisson models. By modeling within-neighborhood and spatial correlations simultaneously, this strategy will help us identify distinct spatial patterns of health risks and avoid erroneous inferences about the relative importance of place and space in shaping individuals' health status. In combination with egocentric neighborhood measures, an explicitly spatial model will also permit us to identify scale-dependent variation in the underlying spatial dynamics of health risks.
Data Sources

Household-Level Geocoded Data
To demonstrate the merits and shortcomings of the integrated multilevel spatial approach, we develop an empirical example, drawing on household-level geocoded data from the Urban Transition Historical GIS Project. We focus on 1880 Newark, New Jersey-one of the largest industrial cities in the United States in the late nineteenth century (Galishoff 1988) . Newark had been an important migration destination that attracted large streams of Irish and German immigrants since the early nineteenth century, resulting in complex interethnic relationships and residential patterns. Meanwhile, rapid industrialization, urbanization, and tides of immigration increased congestion and environmental pollution, making Newark one of the unhealthiest cities at that time (Galishoff 1988) . We use this city as representative of urban conditions relevant to contextual health risk factors at a time when the United States was becoming a predominantly urban, industrial, and ethnically segregated nation.
All residents in Newark were geocoded based on their household addresses from the full transcription of the 1880 Census of Population made accessible through the North Atlantic Population Project at the Minnesota Population Center (MPC). The success rate of geocoding reached nearly 98 %. Details on the geocoding procedure have been described elsewhere (Logan et al. 2011) . Figure 1 illustrates the geocoded households, as well as selected attributes of individual members, along the street network in part of the city. Multiple households are located at one address in a multifamily building. This fine-grained geocoding allows us to calculate distance between any two households along the street network.
We focus on three ethnic groups: Irish, Germans, and Yankees. Individual ethnicity is determined by combining race, place of birth, and parents' places of birth. Irish and Germans include both first-and second-generation immigrants. Yankees are nativeborn whites whose parents are also native-born. By these definitions, there are 31,362 
Child Death Records
Throughout the nineteenth century, Newark residents were vulnerable to epidemics of cholera, typhoid fever, and dysentery transmitted by fecal-contaminated water sources, as well as outbreaks of influenza, smallpox, and diphtheria transmitted via person-toperson contact. The leading causes of death were tuberculosis, pneumonia, and the diarrheal diseases (Galishoff 1988) . Many of these epidemics were facilitated by deteriorated neighborhood environment, given that the streets were filled with filth resulting from the lack of garbage removal and that the Passiac River, a main water source, was polluted by industrial sewage, animal waste, and human excrement. The poor underclass living in crowded tenements and children under age 2, regardless of their family wealth, were most vulnerable to disease. One-half of all deaths in Newark in 1870 were among children aged 2 or younger (Cunningham 1966:230) . Unfortunately, the City Hospital was not opened until 1882 and was viewed more as a charity than a scientific institute (Cunningham 1966) . The dependent variable in this analysis-child mortality-is defined as death by age 5. It is measured using vital records between June 1878 and June 1885, including death certificates, burial, reburial, transit, and disinterment permits as recorded by the New Jersey Department of Health. New Jersey is well known for its accurate and complete reporting of vital statistics in the late nineteenth century. Among all the 1880 U.S. census death registration areas, New Jersey was one of the only two states that provided reasonably accurate data, with more than 90 % complete registration of deaths (Galishoff 1988) . These death records are linked to the 1880 census data by children's first and last names and year of birth.
We identified a total number of 501 death records by June 1885 among 6,762 individuals who were infants (aged 0-1 year) in 1880 Newark. These numbers translate to 74 deaths per 1,000 children during a roughly five-year period, and crudely an average of 15 deaths per 1,000 in a single year. This number is quite close to the officially published death rate of Newark in 1880 (18.7 deaths per 1,000 population ; Galishoff 1988:96) . Fifty-five death records were not linked to the census data because of dubious name or age mismatch, yielding roughly a 90.1 % match rate. In this analysis, we focus on the 438 death records among 5,767 infants who were Irish, Germans, or Yankees from 5,558 households. The match rate is highest for Yankees (92.5 %) and lowest for Germans (85.0 %), but ethnic differences in matching are not statistically significant at conventional levels (p > .05).
Some of these infants may have moved out of Newark with their parents before reaching age 5 and died elsewhere. However, industrial prosperity made Newark a population magnet. There was only one occasion of large-scale out-migration in the second half of the nineteenth century: the city population dropped from 71,941 in 1860 to 68,999 in 1863 during the Civil War (Cunningham 1966:159) . Thus, it is unlikely that a large number of children under age 5 migrated during 1880-1885, and empirical results from this study should be informative, albeit interpreted cautiously.
Another data limitation is that children who were not named at the time of death were not linked in these data. Because these children were likely infants, the infant mortality captured here (about one-half of child deaths occurred by age 1) may be an underestimate. Unfortunately, without additional historical information, we are unable to assess the impact of this missing data on our analysis. We also do not have data on cause of death, which prevents further exploration of the sources of child mortality.
Measures
The individual-level variables include child's age, ethnicity, and gender. The household-level variables include number of children in the household as well as the household head's age and socioeconomic status. Age is measured in years for both children and household heads. Child's ethnicity and gender are coded as dummy variables. Number of children is treated as a continuous variable. Socioeconomic status is measured by a socioeconomic index (SEI) score based on average education and earnings in each occupation as measured in 1950 and standardized to be a continuous value bounded between 0 and 100, with 0 indicating unemployed. Such a coding strategy is robust with respect to the historical context (Sobek 1996) .
The neighborhood-level variables include population density, socioeconomic condition, and ethnic diversity. High population density is related to overcrowded housing conditions and unsanitary living environments, which in turn may increase the risk of low birth weight (Roberts 1997) , postneonatal mortality (Reid 2002) , and later-life mortality (Coggon et al. 1993) . Neighborhood socioeconomic conditions have been associated with individual health outcomes. A lack of socioeconomic resources can lead to deteriorated physical environment, deprived access to social and public health services, and increased exposure to noxious waste and pollutants, all of which negatively impact residents' health (Collins and Williams 1999; Diez-Roux 2000; Sampson et al. 2002) .
Ethnic diversity may increase the likelihood of intergroup interactions that are likely to facilitate transmission of infectious diseases-the leading causes of death in 1880 Newark (Galishoff 1988 )-by increasing heterogeneity in one's social network and expanding the range of possible risk factors. Contemporary research has found evidence for elevated transmission dynamics of infectious diseases resulting from intergroup interactions (Acevedo-Garcia 2001; Rothenberg et al. 2005; Rothenberg and Potterat 1988) . For example, in a study of tuberculosis (TB) rates in 1985-1992 New Jersey, high contact with immigrants was an important risk factor for facilitating TB transmission among African Americans and Hispanics (Acevedo-Garcia 2001). Living in ethnically diverse neighborhoods may also facilitate exposure to a greater range of health risks. For example, immigrants may carry infectious diseases to which natives lack antibodies. A salient example is the 1875 measles epidemic in Fiji that occurred when the disease was introduced by Australian voyagers, killing more than one-quarter of the Fijian population (Hays 2005) . Intensive quarantine turned out to be the only effective way to prevent recurrence of the tragedy between 1879 and 1920 when Indian immigrants continued to carry measles to Fiji (Cliff and Haggett 2004) . On the other hand, immigrants are also susceptible to the endemic diseases present in their destination cities. Many Irish and German immigrants who were not exposed to yellow fever in their homelands died during the 1853 outbreak in New Orleans (Hays 2005) . We therefore expect that living in ethnically diverse neighborhoods with high levels of intergroup interaction may have contributed to increased exposure to infectious diseases and hence elevated child mortality risks in 1880 Newark.
We represent neighborhoods in three ways, and we compare the relative strengths and weaknesses of these representations. First, similar to many contemporary studies, we use enumeration districts (EDs), a type of historical census geography, as proxies for neighborhoods. An ED is a geographic area assigned to an individual enumerator to gather census data from door to door. EDs in cities such as Newark are comparable in population size to modern census tracts, and an ED is the smallest unit for which census data can be readily tabulated in the nineteenth century (Logan et al. 2011 ). Population density is measured by dividing an ED's total number of population by its area in kilometers squared (km 2 ). Local area's socioeconomic condition is the averaged SEI across all adults with a valid SEI score residing in the same ED. Ethnic diversity in an ED is measured by the entropy-based diversity index and calculated as a weighted (by population size) average of the entropy in each street block as (Theil 1972) :
log ,
where P i,j,m is the proportion of ethnic group m in the jth street block of the ith ED. The value of the entropy ethnic diversity index is bounded between 0 (indicating the least ethnic diversity; i.e., a single group dominates the neighborhood) and 1 (indicating the greatest ethnic diversity; i.e., all groups appear in the neighborhood with equal proportions). The second and third representations are egocentric neighborhoods based on Euclidean and street network distances, respectively, at varying radii from 100m to 2,000m to approximate the relatively small scales of children's limited activity space in 1880 Newark, which was a pedestrian city. Following Reardon and O'Sullivan (2004) , we compute neighborhood measures based on proximity-weighted functions. Specifically, we use the classic kernel density estimation (KDE) for circular buffering neighborhoods (Gatrell et al. 1996) as well as a recently developed approach for network-based neighborhoods (Xie and Yan 2008) . A Euclidean KDE reflects the proximity-weighted population count within an individual's local environment (i.e., spatially weighted number of people per unit area to one's egocentric neighborhood). A network KDE provides an estimate of population density over a linear unit and hence is well suited for constructing street network-based egocentric neighborhoods. The SEI of one's egocentric neighborhood is calculated in a manner similar to the KDE; it is a spatially weighted average SEI of all adults with a valid SEI score in the neighborhood.
Following Reardon and O'Sullivan (2004) , the scale-dependent spatial entropy diversity for a child living at location i can be computed in a similar fashion as in Eq. (3) but with the aspatial P i,j,m replaced by the KDE-based P i,m,r in the following way:
where KDE i,m,r is the Euclidean or street-network KDE for group m within an egocentric neighborhood centered at location i with radius r. The value of the spatial diversity index is also bounded between 0 and 1. All continuous variables at individual-, household-, and neighborhood-level are standardized into z scores to facilitate the Bayesian statistical computation.
Method
We employ multilevel spatial Poisson models that incorporate both the standard neighborhood random effects and the spatially correlated random effects and then compare the results with those from standard multilevel models. A limitation of using a multilevel spatial Poisson model is its high computational cost when incorporating a considerable number of individual locations (although usually no more than 100) when estimating spatial correlations (Banerjee et al. 2004; Gelfand et al. 2006) . Therefore, we use the population-weighted centroid of an ED as the location for each subject living in that ED to estimate interneighborhood spatial correlations. Two types of location information are employed in the statistical analyses. First, the location of each child is used to construct egocentric neighborhoods to measure his/her very local environmental conditions. This location information hence serves as a basis for describing egocentric environment for the regression predictors denoted by Z in upcoming Eq. (7), and thus contributes to the estimation of the effects of measured covariates (as opposed to unmeasured random effects) on child mortality.
Second, the ED centroid information attached to each child serves, loosely speaking, as a structural instrument to capture the unmeasured factors that lead to the correlation between child mortality in one ED and its nearby EDs. Specifically, this location information is used to compute the distance between any two EDs, which in turn is used to estimate (1) the average strength of inter-ED correlation in child mortality for any two EDs separated by one unit of distance and (2) how this strength declines as the distance between two EDs increases. In short, the ED centroid information contributes to the estimation of unmeasured spatial correlation among EDs.
Assuming the number of child deaths follows a Poisson distribution, we can model the rate of child mortality with a Poisson model. For each child, this is equivalent to modeling the occurrence of death with an offset term to adjust for the duration of survival (Holford 1980) . For a child i in ED j, the model takes the following form:
where the number of deaths, y ij , for each child takes a value of a value of 1 if he or she had died and a value of 0 if he or she had not died yet by age 5; M ij is an offset that adjusts for variation in age of death for those who had died by age 5 and that in the five-year exposure period for those who had not died yet by age 5. The death rate, , relative to the exposure, M, is modeled as a combination of linear predictors in which X ij is a vector of individual-and household-level characteristics, Z j is a vector of neighborhood-level variables, u j denotes the usual aspatial neighborhood random effects at the ED level, and s j denotes the spatial random effects that have more similar values for EDs close to each other than for those farther apart. Following previous research (Chaix et al. 2005a, b) , we assume that ð8Þ ð9Þ where u 2 denotes the variance of the aspatial neighborhood random effects, s 2 denotes the variance of the spatial random effects, and is an exponential correlation function with a parameter and an indicator d ij for the distance between two locations (i.e., the centroids of two EDs). In other words, we assume the spatial correlation between two locations declines exponentially as the distance between the two increases and that the rate of decline is controlled by parameter . The value of 3 in this case is the practical range: that is, the distance at which spatial correlation drops to 5 % and thus can be considered as "having disappeared."
We choose a Poisson model for its simplicity and wide application in modeling survival time data (Powers and Xie 2008) . The random-effects terms in our models also help alleviate the problems of overdispersion and excess zeros often encountered in conventional Poisson models (Rabe-Hesketh and Skrondal 2012). As a robustness check, we repeated our regression analyses by fitting negative binomial models, and the results were substantively the same.
We perform Bayesian estimations using the OpenBUGS 3.2.2 program (Lunn et al. 2009 ) and choosing noninformative priors for the parameters because we have no strong prior beliefs about what the parameter values should be (Gelman and Hill 2007) . To ensure convergence, we run all models with three Markov chain Monte Carlo (MCMC) chains, each for 120,000 iterations with the first half discarded as burn-in (i.e., dropping some iterations at the beginning of an MCMC chain that do not converge to the posterior distribution). Model convergence is monitored by graphically examining the trace plots of MCMC chains and computing the Gelman-Rubin statistic (Gelman and Rubin 1992) . Table 1 shows descriptive statistics for crude death rates and independent variables. The average death rate was highest for Irish children (0.11) and lowest for German children (0.05), and was similar for boys and girls. More than one-half of the children were Yankees, about one-fifth were Irish, and the rest were Germans. On average, Yankee children lived in the wealthiest households, whereas Irish children lived in the poorest households. Yankee children also tended to have fewer siblings compared with Irish and German children.
Results
Descriptive Statistics
Neighborhood characteristics are reported for EDs as well as for egocentric neighborhoods measured via Euclidean and street network distances. To conserve space, we show in Table 1 the egocentric neighborhood-level measures only for those with a radius of 200m. Irrespective of measurement strategy, the average value of ethnic diversity was quite high, at about 0.8. The average neighborhood-level SEI was also about the same for the two egocentric neighborhood representations (~27) but slightly higher for the ED representation (~33). The average population density at ED level was nearly twice as large as that in egocentric neighborhoods defined via Euclidean distance. The similarities between different definitions of egocentric neighborhoods (via Euclidean or street network distances) were probably due to the relatively small radius. In fact, as the radius increased from 200m to 300m or more, both population density and ethnic diversity-but not average SEI-began to vary notably by definition of egocentric neighborhoods (results not shown). These variations imply that egocentric neighborhoods based on street-network distance may capture very different features of local environment compared with those based on Euclidean distance; therefore, estimated neighborhood-level effects may vary substantially as well.
Do spatial effects matter for child mortality risks in 1880 Newark? The KDE of child death occurrences, plotted with contour lines in Fig. 2 , suggests a strong spatial pattern of mortality risks. Overall, the household locations of child deaths were largely confined within the central region of Newark. There existed two hot zones with relatively high death intensity. The more westerly one roughly corresponds to an area populated by Irish and Germans, whereas the more easterly zone represents an area predominantly occupied by Irish and Yankees. The level of child mortality risk continues to decline isotropically as distance from the two hotspots increases.
Regression Results
General Findings
For each radius used to delimit egocentric neighborhoods, we estimate a standard multilevel model and a multilevel spatial model. The coefficient estimates for individual-and household-level variables are similar between the models using the two egocentric neighborhood representations with varying radii. Thus, to conserve space, we present in Table 2 the means of Bayesian posterior distributions of the regression parameters from only four of the estimated models (34 in total). Statistical significance is determined by the credible intervals (CIs) of the posterior estimates. Regardless of neighborhood representation and modeling strategy, boys had a higher mortality risk than girls-a finding consistent with the literature (for a review, see Read and Gorman 2010) . Compared with Yankee children, Irish children experienced a greater death rate, and German children had a lower rate. At the household level, head's SEI exerted a protective effect against child mortality risk, but the effect size was much greater for the egocentric measure (-0.14) than for the ED-level measure (-0.01). Consistent with our expectation, living in an ethnically diversified neighborhood was associated with an elevated mortality risk. However, this relationship is only marginally significant for the ED-level measure, although the effect size is much larger than when the egocentric measure is used.
Using the same neighborhood representation, either ED or egocentric, the coefficient estimates for the fixed effects are about the same across the standard multilevel model and the multilevel spatial model. It is the estimate of random effects that differs. Regardless of neighborhood representation, the estimate of the aspatial neighborhood random effects is about 60 % larger from the multilevel model than from the multilevel spatial model. Within the multilevel spatial models, the coefficient for s 2 (0.05) is similar in size to that for u 2 , although it is not straightforward to calculate intraclass correlation for Poisson models (Rabe-Hesketh and Skrondal 2012). In other words, about one-half of the seemingly large aspatial neighborhood random effects estimated from the multilevel model are likely to be driven by the spatial correlation between nearby neighborhoods. These results suggest that the standard multilevel model may run the risk of overestimating the strength of within-neighborhood correlation as a result of ignoring between-neighborhood correlation.
To better differentiate spatial effects from aspatial neighborhood effects, we calculate the posterior means of s j and u j for each ED as estimated from an empty multilevel spatial model without covariates. We then map the mortality risks contributed by aspatial (u j ) and spatial neighborhood effects (s j ), respectively (Fig. 3) . The child mortality risks resulting from spatial effects (Fig. 3, top) exhibit a clear spatially smoothed pattern similar to that observed on the KDE map (Fig. 2) . The pattern suggests a spatial diffusion-like process, with mortality risks transitioning gradually from high to low across the city. Clusters of high-risk EDs are surrounded by modestrisk clusters, which in turn are bordered by low-risk clusters. By contrast, the risks resulting from aspatial neighborhood effects display a relatively random distribution over the city (Fig. 3, bottom) . Low-risk EDs are scattered among modest-risk and highrisk EDs, and there is no clear trend of mortality risks radiating from certain EDs and decaying over distance to the rest.
The Impact of Geographic Scale Figure 4 plots the mean coefficient estimates and the associated 95 % CIs for the ethnic diversity index measured from egocentric neighborhoods with different radii. The coefficient is uniformly positive regardless of estimation strategy when egocentric neighborhoods are defined with different radii. However, the statistical significance of the estimated coefficients across different modeling strategies and neighborhood representations varies. In general, the estimates from the multilevel spatial models are less likely to be significant than those from the standard multilevel models. In addition, 5 ) as well as for the spatial decay parameter (see Fig. 6 ) from multilevel spatial models when egocentric neighborhoods are defined using different radii, although a clear pattern is not evident. These results suggest that when the underlying mechanism is likely to be scale-dependent, we require theory to guide measurement and statistical modeling, and we must be cautious about making scale-sensitive statistical inference.
At what geographic scale does spatial correlation matter? Figure 6 shows that after controlling for individual-, household-, and neighborhood-level covariates, the estimated practical range from the multilevel spatial models varies between 0.55 and 0.72, depending on the choice of neighborhood representation and the distance radius used to define egocentric neighborhoods. That is, the spatial correlation between two locations in child mortality risks does not fully disappear (drops to 5 %) until the distance stretches beyond 550m to 720m, a scale that may still exceed the distance between the centroids of two adjacent EDs in the inner city (refer to the map and the associated scale as shown in Fig. 3 ).
Choice of Neighborhood Representation
Besides the differences in the coefficient estimates for household head's SEI and ethnic diversity, the estimates of random effects also vary across neighborhood representations. As shown in Fig. 5 , the coefficient estimate for u from the multilevel spatial models is consistently larger when EDs are used to approximate neighborhoods than when egocentric neighborhoods are used, regardless of how the distance is measured and what distance radius is. A similar pattern holds for the coefficient estimate for u from the standard multilevel models (results not shown). By contrast, the estimate for s from the multilevel spatial models is generally smaller when EDs are used as proxies for neighborhoods than when egocentric neighborhoods are used. In other words, using ED-based measures leads to overestimated aspatial effects but underestimated spatial effects compared with using egocentric measures.
Further, Fig. 6 suggests that using ED-based neighborhood representation is likely to underestimate the practical range for the between-neighborhood spatial correlation compared with using egocentric neighborhoods, regardless of distance radius. On the other hand, the choice of how to measure distance in defining egocentric neighborhoods does not seem to have any substantial or consistent impact on the results as evidenced in Figs. 4-6.
Choice of Modeling Strategy
Comparison of the multilevel spatial model with the standard multilevel model yields two insights. First, as mentioned earlier, using the multilevel spatial model allows us to distinguish the spatial effects that transcend administrative boundaries from the aspatial effects that are bounded with such boundaries, thereby better capturing the underlying spatial process and avoiding inflated inference about within-neighborhood correlations (see Table 2 and Fig. 3) . Second, the coefficient estimate for ethnic diversity is more likely to reach statistical significance from the standard multilevel models than from the multilevel spatial models, as shown in Fig. 4 (at the radii of 400m to 1,500m ). This may imply that adjusting for within-neighborhood correlation alone but ignoring the presence of spatial correlation could result in inflated statistical significance for contextual effects.
Overall Goodness-of-Fit
We apply the deviance information criterion (DIC) to assess the relative goodness-of-fit across models (Spiegelhalter et al. 2002) . DIC is a hierarchical modeling generalization of the Akaike information criterion (AIC) that is widely used to compare nonnested regression models (Akaike 1974) . A smaller value of the DIC indicates a better model fit to the data. Figure 7 plots the values of the DIC for all the fitted models, and several conclusions can be drawn from visual comparisons. First, the multilevel spatial models outperform the standard multilevel models, regardless of neighborhood representation. Second, using egocentric neighborhoods generally increases the goodness-of-fit compared with approximating neighborhoods by EDs, regardless of modeling strategy. Third, the choice of how to calculate distance in defining egocentric neighborhoods makes little difference when fitting the standard multilevel models. However, in the case of the multilevel spatial models, Euclidean distance generally outperforms street network distance, regardless of radius. One possible explanation is that unlike later modern cities, most residential buildings in 1880 Newark were low-rise, facilitating communication with backyard neighbors. Calculating distance along streets would then underestimate actual social access.
Discussion
Drawing on a unique spatial dataset, we propose using an integrated multilevel spatial approach with respect to neighborhood representation, contextual measures, and modeling strategy. We then compare this approach with the standard multilevel approach in a study of child mortality in 1880 Newark. We demonstrate how this multilevel spatial approach helps to shed light on the multifaceted spatial dynamics that shape individuals' health. Several findings from this study have implications for future empirical research. First, consistent with studies using ordinary least squares and logit models (Chaix et al. 2005a, b; Flowerdew et al. 2008) , the choice of neighborhood representation affects empirical results from Poisson models, regardless of the choice of modeling strategy (spatial or aspatial). We find notable differences in not only the significance level but also the effect size with respect to household-and neighborhood-level covariates when using administrative areal units compared with spatially defined egocentric neighborhoods. Confirming speculation among previous researchers (Boyle and Willms 1999; Chaix et al. 2009; Dietz 2002; Flowerdew et al. 2008; Riva et al. 2009 ), we find it inadequate to approximate neighborhoods by administratively defined geographic units because this approach yields little insight into the underlying spatial dynamics of health outcomes and may result in incomplete or erroneous conclusions. Our results suggest that using administratively defined geographic units in a standard multilevel modeling framework that ignores spatial correlations can result in overestimated neighborhood effects.
Meanwhile, our results are not especially sensitive to different definitions of egocentric neighborhoods. In contrast to a previous study (Guo and Bhat 2007) , we find little evidence of the superiority of defining egocentric neighborhoods along street networks in this study, even though such a neighborhood representation may be theoretically more appealing than drawing circular buffers (Grannis 1998) . Possibly the choice of an egocentric neighborhood representation itself is robust against a variety of detailed geographic specifications.
Second, we find strong evidence of scale-dependent results. The statistical significance of ethnic diversity varies by the distance radius used to delimit the boundaries of egocentric neighborhoods. Only at the very local (200m) and large (2,000m) scales do we find consistent significant effects of ethnic diversity. Furthermore, the estimates of the spatial random effects from the multilevel spatial models fluctuate as the distance radius of egocentric neighborhoods change, although we are unable to discern any clear pattern. These findings suggest that neighborhood and spatial associations are likely to be driven by different forces at different geographic scales and hence become manifest only at certain scales. Future research is needed to uncover the theoretical mechanisms underlying scale-sensitive relations between neighborhood context and health.
Third, we extend the multilevel spatial models to Poisson models of discrete responses and demonstrate their applicability and advantage compared with the standard multilevel models in the presence of spatial dynamics. We find that using the multilevel spatial model allows us to (1) disentangle spatial effects from aspatial neighborhood effects by revealing an underlying spatial distribution of child mortality risks across the city; (2) identify the geographic scale within which the spatial correlation could transcend administrative boundaries, thereby highlighting the need for prudent choice of neighborhood representation; (3) recognize the relative importance of spatial and aspatial neighborhood effects in explaining residual health outcomes, and hence reduce the risk of exaggerating within-neighborhood correlations; and (4) avoid overestimating contextual effects resulting from ignoring between-neighborhood correlations. Together, these findings provide strong support for employing a multilevel spatial modeling strategy to achieve less-biased results.
Certainly difficulties in gaining access to (or producing) high-resolution spatial data are an obstacle to exploring spatial dynamics. However, the available resources are constantly growing. Geocoding historical data faces few confidentiality issues and has gained momentum among historical demographers (DeBats 2011; Logan et al. 2011) . The release of 100 % microdata from the 1940 U.S. census will create an important and more contemporary source that can be combined with subsequent survey or documentary records of individuals. Despite increased costs to protect data confidentiality, researchers are also gaining experience in geocoding respondents' address information in contemporary demographic surveys to study health behaviors and outcomes (Siqueira-Junior et al. 2008) . Multiple sources of contextual data other than the population census, such as satellite imagery or remote sensing, can then be linked to individual observations (Frankenberg et al. 2005; Weeks et al. 2013) . Even with traditional census data on small areas, new techniques are emerging to approximate effective contextual measures at fine-grained spatial scales . By demonstrating the availability and usefulness of new spatial methods, we hope to stimulate new efforts in these directions.
Although we draw strong methodological conclusions, we interpret the substantive results from the empirical example cautiously. Similar to other cross-sectional studies, this analysis is susceptible to the well-known endogeneity problem (Dietz 2002) . Without longitudinal data, it is difficult to adjust for the neighborhood sorting process in which people are self-selected into certain neighborhoods with specific contextual characteristics. Furthermore, because all predictors were measured in 1880, residential changes that occurred afterward could result in measurement errors and biased estimates. However, among the children who died by age 5, nearly one-half of them died by age 1, and more than 80 % by age 3, which helps reduce the time window of residential changes.
The biggest challenge remains to conceptualize and explicitly test the role of space in shaping individuals' health. Does spatial distance directly affect disease transmission through physical proximity, or is it merely a proxy for social and cultural distance? Is residential environment or activity space a more important context affecting health? Different ethnic groups organized social and religious activities at different locations (e.g., attending different churches and visiting different bars) in 1880 Newark (Cunningham 1966) . Therefore, our residence-based neighborhoods do not fully reflect children's risk environment when, for example, their mothers exchanged experiences about infant feeding and periodic medical checkups after Sunday morning's church services. Future research can benefit from incorporating locational information of social institutions in constructing neighborhood contexts to address these challenges. Similarly, future research that extends to adult populations can benefit from mapping locations of workplace, given that occupation segregation by ethnicity (e.g., German immigrants were concentrated in leather and brewing industries) shaped adult workers' daytime activity spaces.
Even with these limitations in mind, this study contributes to emerging efforts in integrating spatial queries into neighborhood research. We are optimistic that our spatial treatment of neighborhood representations, contextual measurements, and analytic strategies may be useful to future researchers who are faced with similar conceptual and methodological challenges in demographic research that features neighborhood contexts and their implications for individual outcomes.
